The returns to education in self-employment are addressed in four different specifications of the relationship between log income and years of schooling. The specifications range from a standard Mincer equation with a constant percentage increase in income for an additional year of schooling to the most flexible specification with dummy variables for different combinations of years of schooling and fields of study. Based on the more flexible specifications, important nonlinearities and heterogeneity in the returns to education in self-employment are found. These results are robust across different estimation methods: OLS, Heckit correction models handling sample selection, and IV dealing with the potential endogeneity of years of schooling. Moreover, the results are robust to the use of different sample years, different definitions of self-employment, and different income measures for the self-employed.
Introduction
According to the human capital theory pioneered by Becker (1964) , education is an investment of current resources (time and money) in exchange for future pecuniary returns in the form of higher earnings. 1 Politically and academically, there has long been a huge interest in estimating both the private and the social pecuniary returns to education. Card (1999) , Harmon, Oosterbeek, and Walker (2003) and Heckman, Lochner, and Todd (2006) are all examples of recent reviews of the empirical literature that focuses on estimating the returns to education for wage employed. 2 The relationship between education and earnings has also received considerable interest in the entrepreneurship literature (see Parker, 2004, and van der Sluis, van Praag, and Vijverberg, 2008 , for recent surveys).
The main work horse for estimating returns to education is the so-called Mincer equation -derived by Jacob Mincer in 1974 -which assumes a log-linear relationship between years of schooling and earnings. That is, an extra year of schooling is assumed to yield a constant relative increase in future earnings of α%, where α is the coefficient to years of schooling in the equation.
In the literature on returns to education in wage work, non-linearities in the relationship between years of schooling and earnings have been documented by Heckman et al. (2006) and other studies cited therein. Furthermore, results from Chevalier, Conlon, Galindo-Rueda, and McNally (2002) and Walker and Zhu (2001) indicate variations in returns to different types of higher education in wage work. Other studies, however, find that the relationship between years of schooling and log earnings is well described by a linear function as in the original Mincer formulation (see, e.g., Harmon et al., 2003, and Card, 1999) .
In the entrepreneurship and self-employment literature, non-linearities and heterogeneity across types of education have not received much attention. Most studies rely on the classical log-linear Mincer specification with years of schooling as the independent variable, while some studies include one or at most a few dummies for educational attainment (see van der Sluis et al., 2008) .
However, a recent short paper by Iversen, Malchow-Møller, and Sørensen (2010) indicates that there might be important non-linearities and heterogeneity in 1 The importance of non-pecuniary benefits such as a higher social status or the possibility of obtaining more interesting jobs has also been emphasised (see, e.g., Becker, 1964 , Heckman, 1976 , and Lazear, 1977 . However, in the present paper we focus (like most of the studies in the literature) on the pecuniary returns.
2 Strictly speaking, most of the studies estimate the growth rate of market earnings with years of schooling. Only under very specific conditions can this be interpreted as the internal rate of return to education (see Heckman et al., 2006 , for a discussion of this). However, as it is common in the literature to refer to these estimates as "rates of return", we will maintain this terminology in the present paper. the returns to education for self-employed and entrepreneurs. When simple OLS regressions are used, a highly non-linear relationship is detected between years of schooling and log earnings with very low returns in self-employment to most levels of education. In addition, Iversen et al. (2010) find considerable variation in the returns across different types of (higher) education. These findings indicate that both non-linearities in the relationship between years of schooling and income, and heterogeneity across different types of education are likely to be much more important for self-employed than for wage workers.
As this issue has been largely neglected in the entrepreneurship literature, the purpose of the present paper is to provide a deeper investigation of the findings of Iversen et al. (2010) . Are the results robust to the use of instrumental variables techniques that deal with the potential endogeneity of schooling? Are they influenced by sample selection? These are some of the questions we pose and answer in this paper. We also conduct a robustness analysis of the findings by examining whether they are sensitive to the choice of sample year, the definition of the self-employed, the income measure used in the estimations, and the industry of the self-employed.
Our dataset contains detailed information on educational attainment, earnings and occupations for all Danish self-employed. We start by confirming the findings of Iversen et al. (2010) . Using a standard Mincer specification, we find the same overall return as in previous studies (see, e.g., van der Sluis et al., 2008) . However, when we introduce more flexible specifications of the relationship between education and income, by allowing for different return rates across different years of education, we strongly reject the log-linear relationship between years of schooling and income. Instead, using dummy variables for the length of educational attainment, we find that only individuals with 18 years of schooling or more have substantial returns to education. We also find considerable heterogeneity in the returns for different fields of study for a given educational length.
As often stressed in the literature, OLS estimates may be inconsistent. First, the measure of education is likely to be endogenous, due to the presence of unobserved individual ability affecting both education and earnings. Second, sample selection bias may be present if the sample of self-employed is not a random draw from the population.
To deal with the first problem, family background variables have often been used in the literature as instruments for the educational attainment of an individual. In the present paper, we follow this approach and use the educational attainment of the parents and/or the spouse as instruments for education. While we believe that these are some of the best available instruments, we remain skeptical about their validity as we will discuss below. However, using the instruments either confirms the non-linear relationship between years of schooling and earnings or leads to insignificant coefficient estimates. Hence, the IV estimates lend support to the findings of Iversen et al. (2010) .
We use a Heckman correction model (Heckman, 1979) to deal with the second problem: sample selection. Using the amount of parental experience from self-employment as an extra regressor in the first-stage probit that models the selection into self-employment, we find indications of a sample selection problem. Correcting for this, however, does not substantially affect the estimated returns to education which remain highly non-linear and heterogeneous.
As we discuss at length below, there are a number of ways to define both the self-employed and their income. Since our findings rely on particular definitions, we examine whether our results are sensitive to these definitions. Although the alternative definitions change the sample and the dependent variable considerably, they have only minor effects on the results. Finally, we find essentially the same results when we use different sample years, while controlling for the industry of the self-employed reduces the estimated returns to education somewhat. The latter result is not too surprising, though, as the choice of industry is closely correlated with the choice of education.
To summarize, we conclude that the OLS findings of substantial heterogeneity and non-linearities in the relationship between education and earnings seem to be relatively robust results -at least for Danish self-employed. A methodological implication of our results is that the log-linear Mincer specification seems to be inappropriate in the case of entrepreneurs and self-employed. This conclusion is also supported by the fact that many self-employed experience negative earningssomething which cannot easily be handled in a Mincer framework. Our results also higlight an important question for future research: why are most types of education associated with very limited pecuniary pay-off for self-employed? Is it because education in itself is not a sufficient condition to generate success as an entrepreneur, or is it because the currently available types of education are irrelevant for entrepreneurial success? The answers to these questions may have important policy implications.
The rest of the paper is structured as follows: In Section 2, we present our empirical framework and discuss relevant identification issues. We describe the data used in Section 3. In Section 4, we present the main empirical results, while Section 5 contains results from a number of robustness checks. Section 6 concludes.
The Empirical Framework
In this section, we outline the empirical framework and discuss a number of issues related to the estimation of the parameters of interest.
The General Specification
The general model is:
where Y i is the earnings of individual i from self-employment activitites. f (Edu i ) is a function of the educational attainment of the individual, Edu i . X i contains other characteristics of the individual, including experience, gender and region of residence, and u i is a random error. In the standard Mincer equation (Mincer, 1974) , f (Edu i ) is simply a constant, α, times years of education:
Hence, a linear relationship between years of education and log-income is assumed. The coefficient, α, can in this case be interpreted as the percentage increase in market earnings from an extra year of schooling. This specification is the starting point for the estimations in the present paper. However, we also consider a specification that includes both a linear and a quadratic term in years of schooling in order to analyze the importance of nonlinearities. Moreover, we utilize our large and detailed dataset and consider a specification with dummy variables for different years of education. Finally, we also include interaction terms between these dummies and dummies for different types of (higher) education. This last specification contains 22 dummy variables.
Estimation Issues
There are a number of data issues and econometric problems related to the estimation of (1). In this section, we provide a brief review of these problems and indicate how we deal with each of them in the present paper. The first problems are data related and concern how to define the entrepreneurs and identify their income. The remaining problems are econometric issues related to the estimation of (1), e.g. problems that potentially lead to inconsistent coefficient estimates.
First, there is the question of how to define/measure the entrepreneurs. In the present paper, we focus on the self-employed, i.e., individuals owning an unincorporated business. It can be argued that owners of incorporated businesses are also entrepreneurs and hence should be included in the analysis. However, they are typically difficult to identify in the register data that underlie all our findings. The reason is that owners of incorporated businesses are formally registered as employees when they work in their own firm and hence cannot be separated from the "regular" wage workers. Furthermore, the observed wage and capital income of owners does not necessarily measure the value generated by them as entrepreneurs if profits are saved in the firm. For these reasons, it is a common approach in the empirical entrepreneurship literature to focus on the self-employed (see Parker, 2004) although this may potentially create a selection bias if the relationship between log earnings and education is different for this class of entrepreneurs. As we explain below, we apply a Heckman correction model to deal with the non-random selection into self-employment versus other occupations (including incorporated business owners). This should, in principle, solve the potential selection bias associated with excluding the owners of incorporated businesses from the group of entrepreneurs.
Focusing on the self-employed, there are at least two additional data issues to be dealt with: (i) some individuals are both self-employed and wage workers at the same time; (ii) a number of individuals change status during the year, and given that we rely on annual observations, we have to determine whether these individuals should be included in the group of self-employed. To assure robustness of our results, we use three different definitions of the self-employed. Our preferred definition is the official definition of self-employment from Statistics Denmark. Each year in the last week of November, Statistics Denmark collects information regarding the primary occupation of each individual in Denmark. We rely on this information for our preferred definition. As alternative (more narrow) definitions of the self-employed, we select: (a) the subset of self-employed with wage income below a certain threshold; and (b) the subset of self-employed with employees.
With the first alternative definition, we remove individuals who have wage employment of any importance. Using the second definition removes many of those who have been self-employed for only part of the year, since recently started selfemployed are unlikely to have employees.
Second, there is the question of how to measure self-employment earnings. This problem stems from the fact that we typically have different measures of the reported income, and from the fact that the reported income does not need to perfectly reflect the generated income. Hamilton (2000) uses three different measures of entrepreneurial earnings, ranging from net profit to equity adjusted draw, where the latter is defined as the amount withdrawn for consumption plus the change in the equity of the company. In the present paper, we rely primarily on a measure of the annual surplus from self-employment activities, which is very similar to the net profit measure used by Hamilton (2000) . This amount is the one reported to the tax authorities and reflects the company value generated by the entrepreneur. It is typically different from the amount withdrawn for personal consumption. Following Hamilton, we assure robustness by using an additional earnings measure, namely 5 gross annual income, which is the total earnings of the entrepreneur including income from other sources. 3 The econometric issues are relatively standard in the literature on returns to schooling and may result in non-zero correlation between the error term and the schooling measure, thereby causing inconsistent estimates of the relevant parameters. The first problem relates to the fact that measures of education are likely to be endogenous, as unobserved individual ability may affect both the choice of education and the earnings, as pointed out by Griliches (1977) . In other settings with endogeneous right-hand-side variables due to unobserved individual specific effects, a possible response is to use a panel data set and estimate a fixed effects model. However, this is impossible in the present case, as educational attainment is practically invariant across time for each individual. This implies that the parameters of interest would not be identified in a fixed effects regression.
Instead, we try to deal with this problem by instrumenting the measure of education using two different sets of family background variables as instruments. More precisely, we instrument years of schooling of the entrepreneur using years of schooling of the spouse and years of schooling of the parents. The instrumental variables approach has been used in a number of studies in the literature that estimates returns to schooling for wage employed, but much less frequently in the literature which focuses on returns to schooling in self-employment and entrepreneurship. 4 Thus, to our knowledge only van der Sluis et al. (2008) , Parker and van Praag (2006) and van der Sluis, van Praag, and van Witteloostuijn (2007) try to deal with the endogeneity of schooling for entrepreneurs using IV techniques. In the traditional returns to schooling literature, the use of family background variables as instruments has been criticized (see, e.g., Trostel, Walker, and Woolley, 2002) . However, a recent study (Block, Hoogerheide, and Thurik, 2010) , indicates that these problems may not be that severe. Hence, we follow this approach in the present paper.
A second econometric issue is that the sample of self-employed does not necessarily constitute a random draw from the population. Instead, it consists of those who deliberately chose (or were "forced") to become self-employed -possi-3 None of these measures include non-pecuniary benefits. Hamilton (2000) argues that nonpecuniary benefits are likely to be important but -like most other studies including Hamilton (2000) -we cannot control for this aspect. However, if these unmeasured benefits can be assumed to be proportional to the self-employment income, it will not bias the estimates of the returns to education, as we -as opposed to Hamilton (2000) -are not trying to compare returns to self-employment and wage work. 4 A third way of dealing with the endogeneity of schooling is to include proxies for unobserved ability, such as IQ test scores, etc. In the wage-employment literature this has been tried by Griliches (1977) .
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Entrepreneurship Research Journal, Vol. 1 [2011 ], Iss. 3, Art. 5 DOI: 10.2202 /2157 -5665.1001 bly because self-employment was relatively more advantageous than wage work to those people. Thus, we may have a classical non-random sample selection problem due to self-selection. We try to deal with this in the estimations by using a Heckman correction procedure (Heckman, 1979) where we first estimate a probit selection model that explains the choice of self-employment versus being in the labor force. Second, based on this model, we calculate the inverse Mills ratio, which we then include in the regression of the final Mincer equation (see, e.g., Wooldridge, 2002) . A similar approach has been used by van der Sluis et al. (2007) who control for selection into self-employment in addition to instrumenting education in a panel data setting.
As we explain further below we may introduce another sample selection problem since we exclude all self-employed with non-positive earnings from our estimations. We also rely on the Heckit correction model to deal with this problem. In this Heckit procedure, the selection equation models the selection into "selfemployment with positive income" among all self-employed persons. That is, we model the selection into the sample among the population of self-employed only.
Data
The data we use in this study come from the Integrated Database for Labor Market Research ("IDA"), a register database compiled by Statistics Denmark. It contains data from 1980 onwards for all individuals living in Denmark. The data provide detailed information on labor market performance, such as past and present occupation, earnings, and experience, as well as a wide range of background characteristics like educational background and family characteristics.
Most of our analysis is conducted on a cross-section of self-employed from 2002. However, we exploit the panel structure of the dataset to construct a number of control variables. For instance, the labor market experience variables employed in the regressions, as well as many of the family background variables which we use in the instrumental variables estimations and in the Heckman selection models, are generated using the historical information in the data.
Job occupations in a given year are categorized according to an individual's primary labor market status in the last week of November. We are therefore unable to control for flows between labor market states within a year. As mentioned above, our preferred definition of self-employed includes individuals who are characterized by Statistics Denmark as being self-employed in 2002. However, as explained, we also use two subsets of these self-employed to exclude individuals with substantial wage employment in addition to self-employment and individuals who have only been self-employed for part of the year. The first subsample excludes individuals with wage income above DKK 25,000 ( USD 5,600 as of 13th of November, 2010). 5 The second subsample includes only self-employed with employees, as these are more likely to have been self-employed for the entire year.
As explained above, we use two income measures: annual surplus from self-employment activities and gross annual income. The cross section from 2002 consists of approximately 150,000 observations. Of these, approximately 20,000 observations have non-positive values of the income measures. These are eliminated such that log of income can be used as the dependent variable. Leaving out 20,000 observations may create a selection bias, which we try to deal with using the Heckit procedure as explained in the previous section. Another potential solution would be to arbitrarily change the dependent variable to a small positive amount in the cases where non-positive income is observed. While this may solve the selection problem, it induces another problem in the subsequent regressions, namely an imposed (one-way) measurement error on these observations, which may be quite significant in some cases.
Turning to the explanatory variables, in the literature either "years of schooling" or college and/or high school dummies have been used to capture educational attainment (see van der Sluis et al., 2008) . In the present paper, we rely on a measure of schooling in years, as well as a large number of dummies for educational length and type. As additional control variables, we use a range of socio-demographic variables including experience in the labor market.
The Danish educational system includes a high variety of formal educational programs, including vocational programs as well as short, medium and long further educational programs. Long further education corresponds to the Ph.D. or the master level (18+ years of total education). Medium further education corresponds to the bachelor level (16 years), whereas short further education (14 years) is shorter and more practical than a bachelor degree. Primary and lower secondary school corresponds to nine and 10 years, where nine years is the mandatory level in Denmark. A high school degree corresponds to 12 years of education. Vo c a t i o n a l education is a mix of schooling and training in firms. The typical duration is three years and results in a total of 12 years of education. Both the high school and the vocational educational programs are managed by the public sector, which sets the standards and requirements for these types of education. This means that the quality and content of the various programs are harmonized across schools, ensuring that individuals with a particular type of education have achieved training of comparable quality. In the estimations, we operate with 22 different combinations of length (9, 10, 12, 14, 16, and 18+ years) and type (non-qualifying degree; humanities; natural science; social science; technical science; medical science and military). Table 1 contains summary statistics for the cross section from 2002. It shows that 12 years of schooling is the most common (> 50%) among the self-employed, and 80% of those with 12 years of schooling have been educated within a "technical" subject. Only around 10% have 18+ years of education, while a little less than 20% have the minimum length of schooling (nine years). The table also includes the dependent variable, log(earnings), and other background characteristics used in the estimations below. Most of these variables are self-explanatory. Note, however, that the experience variables self-employment experience and wage-employment experience measure years of previous experience in wage-and self-employment since 1980 (the first year of the data), respectively. These variables are measures of actual labor market experience, and not just potential experience as typically used in the literature (see Card, 2001) . Dummy, spouse employed is a dummy variable that takes the value one if the spouse assists in the firm, as this is likely to increase the annual surplus because the remuneration for this work is not (fully) deducted in the surplus. As in most of the literature on self-employment, we exclude farmers from the estimations.
Empirical Results
As explained in the previous section, the results below are based on a cross-section of observations from 2002. For some of the robustness analyses in Section 5, we use cross sections from different years.
The Standard Specification
The first column in Table 2 contains the results of an OLS estimation of the "standard" Mincer equation where education is measured in years. This regression is similar to the one shown in Iversen et al. (2010) and is included here as a benchmark. The difference between the OLS regressions of this paper and those in Iversen et al. (2010) is that we include regional dummies in the present paper. We observe that an extra year of schooling is in this case expected to yield an increase in earnings of 6.7%, see Table 2 , column 1. 6 This result is roughly in line with the (2008) thus report an average return of 6.1% across the 94 studies contained in their meta-analysis. The returns to education estimated using the linear specification is illustrated in Figure 1 by the straight line, where the slope equals the point estimate of α. 7 It should be noted that the estimated coefficients to the other control variables are all (highly) significant and generally of the expected sign. The estimated coefficients to the experience variables give us a crude indication of the importance of previous labor market experience. The effect of self-employment experience is initially much larger than that of education but has the expected diminishing effect as experience accumulates, since the coefficient to the square of self-employment experience is negative. 8 Wage work experience also has a positive albeit smaller effect on income. Note: Dependent variable is log of annual surplus. t or z statistics are in italics. *,**,*** indicate significance at 5%, 1% and 0.1% level, respectively. The OLS sample consists of all non-farm self-employed with positive earnings (column 1). The sample for IV, parents edu. is the OLS sample excluding individuals without parental education information (column 2). The IV, spouse edu. sample is the OLS sample excluding individuals without a spouse (column 3). The IV, all instru. sample is the intersection of the IV, parents edu. and IV, spouse edu. (column 4). The uncensored observations in Heckit, labor force are all non-farm self-employed with parental occupation information available. The censored observations are all others in the labor force (column 5). The uncensored observations in Heckit, all self-emp. are the same as in Heckit, labor force. The censored observations are non-farm self-employed with zero or negative earnings (column 6). The top (bottom) sample size for Heckit refers to number of uncensored (total) observations. The F-statistic refers to test of H 0 : coefficients on instruments are zero in the first stage regression. The χ 2 -statistic refers to test of H 0 : no correlation between instruments and error term in second stage regression.
As noted above, a major problem in using OLS is that the measure of educational attainment, Edu i , is likely to be endogenous in equation (1). If this is the case, the estimate of the returns to schooling is both biased and inconsistent. To correct for this, columns 2, 3 and 4 of Table 2 contain instrument-variable (IV) estimates using various sets of instrumental variables. Specifically, we consider three different sets: (i) the years of schooling of the parents (two instruments); (ii) the years of schooling of the spouse (one instrument); and (iii) the union of the first two sets. We use these instruments in a two-stage least-squares estimation instrumenting the years of schooling of the self-employed. In the cases of the first and third instrument sets, the first-stage regression is overidentified, whereas it is exactly identified when using the second set.
The use of IV changes the estimated returns to schooling. When we use the years of schooling of the parents as instruments (column 2), the return to another year of education decreases to 3.7%. In contrast, when we use the years of schooling of the spouse as an instrument (column 3), we obtain a returns to education of 8.9%, which is higher than the corresponding OLS estimate. The estimated returns to education when we use years of schooling of both the parents and the spouse as instruments (column 4) is 8.5%, close to the estimate obtained using only the education of the spouse as an instrument. Table 2 also contains the F-statistics used for testing whether the instruments enter significantly in the first-stage regression, i.e., a test of weak instruments. The statistics indicate that the instruments are highly significant in explaining the educational attainment of the self-employed. This is the case both when the education of the parents is used as instruments (column 2), when the education of the spouse is used as an instrument (column 3), and when the union of these is used (column 4). In the first case, the F-test has a value of 2,641, whereas in the second case, where only one instrument is used, the value is 21,375, and in the last case the value is 3,272. In all cases, the magnitudes by far exceed the critical values of Stock, Wright, and Yo g o (2002) and Stock and Yo g o (2005) . Hence, a weak-instruments problem does not seem to be present.
Even though the instruments do not seem to be weak, there is still the question of whether they are valid, i.e., uncorrelated with the error term in (1). It is possible to test this hypothesis when there are more instruments than endogenous variables, i.e., when the first-stage regression is overidentified as in columns 2 and 4. In the case where the years of schooling of the parents are used as instruments (column 2), this test for overidentifying restrictions yields a p-value of 0.26. 9 Hence, we are unable to reject the null that our instruments are valid in this case. However, in column 4, where all three instruments are used, the null is rejected with a p-value of 0.034.
Given that the test cannot reject the validity of the first instrument set but rejects the validity of the third instrument set (where the education of the spouse is used in addition to the education of the parents), it is tempting to conclude that the years of schooling of the spouse is the only invalid instrument, and hence that the "correct" IV estimate of the return to another year of education is 3.7%. It should be noted, however, that the test we use might have low power for detecting endogeneity of the instruments (Wooldridge, 2002) . Hence, we cannot be certain that years of schooling of the parents is a valid instrument. However, we can be fairly certain that at least some of our instruments are invalid, and the evidence seems to suggest that at least the years of schooling of the spouse is an invalid instrument.
The previous discussion suggests that the most plausible IV estimate of the returns to schooling is lower than the corresponding OLS estimate. This would also be expected in the presence of unobserved individual ability which is positively correlated with both earnings and educational attainment. In contrast to this, previous studies on returns to schooling in self-employment have found IV estimates that are typically larger than the corresponding OLS estimates (see Parker and van Praag, 2006, or van der Sluis et al., 2007) . These studies also use various family background variables as instruments for education. For example, van der Sluis et al. (2007) use information about the presence of magazines in the household at age 14; whether a library card was present in the household at age 14; the presence of a stepparent in the household and the number of siblings in the household as instruments for education. Parker and van Praag (2006) use instruments very similar to those used in this paper, as they instrument years of schooling of the self-employed with years of schooling of the father and the number of siblings in the respondent's family. Still, they find a larger effect of education when using IV instead of OLS.
The use of family background variables as instruments has been criticized in the wage-employment literature, as unobserved individual ability is likely to be positively correlated across members of the same family. If this is the case, parental education will be correlated with subsequent earnings of the children since both are (partly) determined by family ability. Hence, parental education does not fulfill the exclusion restriction preventing its use as an instrument (see, e.g., Trostel et al., 2002) . However, a recent paper by Block et al. (2010) indicates that the econometric problems related to the use of family background variables as instruments may not be that severe. Using a Bayesian approach, this paper concludes that the IV estimation results are robust to relaxing the exact validity assumption of the instruments.
Notice that the IV samples contain fewer observations than the OLS sample. For instance, when we use the years of schooling of the parents as instruments, we 14 Entrepreneurship Research Journal, Vol. 1 [2011 ], Iss. 3, Art. 5 DOI: 10.2202 /2157 -5665.1001 have a sample of about 50,000 individuals compared to the OLS sample of more than 130,000 individuals. This is because in order to use the schooling level of the parents, we need to establish a link between the self-employed person and his or her parents. For a large share of the individuals in our dataset, this link cannot be established. This is especially the case for older individuals, which implies that the sample used for the IV estimation with years of schooling of the parents as instruments consists of younger individuals than the OLS sample. Moreover, the sample using the spouse as instrument for the IV estimation is smaller than the OLS sample. This sample consists only of married (or cohabiting) self-employed, which may differ from other self-employed in various ways. The bottom line is that by using IV, we may introduce a sample-selection problem, since the IV samples do not consist of individuals that are drawn randomly from the entire group of selfemployed.
To test if the differences between the OLS and IV estimates are, in fact, driven by the different samples rather than by the instrumentation of years of schooling, we also ran the OLS regressions on the reduced IV samples. 10 For the sample using years of schooling of the spouse as an instrument, we found an OLS estimate of 7.3%. This is slightly higher than the estimate of 6.7% on the full sample and goes some way towards explaining why the IV estimate on the same sample is 8.9%. In contrast, the OLS estimate on the sample using years of schooling of the parents as instruments is practically identical to the OLS estimate on the full sample: 6.6% versus 6.7%. Hence, sample selection cannot explain why the IV estimate in this case drops to 3.7%.
As argued in Section 2.2, it is also possible that people self-select into different occupations based on unobserved factors. Hence, the self-employed are possibly different from other members of the labor force in unobserved ways. If we want the estimated returns to schooling to apply to the entire labor force, and not just the group of self-employed, we have to correct for this selection effect. We do this in the fifth column of Table 2 , which contains estimates obtained using the Heckit procedure from Heckman (1979) . Here, the probability of being in the sample is first estimated using a probit model, and then the estimated inverse Mills ratio from this selection model is included as an extra regressor in the final Mincer equation (see, e.g., Wooldridge, 2002) .
Although the probit model can, in principle, be estimated using the same set of explanatory variables as in the final Mincer equation, identification of the parameters in the latter is typically weak if the same set of regressors is used in both models (Wooldridge, 2002) . Hence, we use the number of years that the father and the mother have been self-employed since 1980 as extra regressors in the probit, as several studies have shown that children of self-employed parents are more likely to become self-employed themselves (see, e.g., Hout and Rosen, 2000, and Dunn and Holtz-Eakin, 2000) . The extra regressors are excluded from the final regression. For this exclusion restriction to be valid, the number of years that the parents have been self-employed must not affect earnings conditional on being self-employed. This requires, for instance, that self-employed with self-employed parents are not less likely to make "rookie" mistakes than self-employed without self-employed parents; an assumption which can always be questioned. Table 2 shows that there is evidence of a sample-selection problem, since the estimated coefficient to the inverse Mills ratio is significant. Notice, however, that the estimated returns to schooling of 7.6% is rather similar to the OLS estimate, so in this case correcting for sample selection does not change the conclusion drastically. There is still a significant and positive returns to education for the selfemployed. 11 As explained in Section 3, we also apply the Heckit correction to a more limited population to investigate the importance of omitting the 20,000 observations with non-positive earnings. Obviously, self-employed with non-positive earnings might be different from those with positive earnings in unobserved ways, which induces a potential sample-selection problem. We therefore ran a Heckit correction procedure where the underlying full sample consists of all self-employed (positive and negative earnings). The results are contained in the last column of Table 2 . As for the other Heckit procedure, we find a significant inverse Mills ratio indicating that the sample is non-random. Still, we find a returns to schooling which is very similar to the original estimate.
To sum up, we find a return to an additional year of schooling of 6.7% in the standard OLS specification. The quantitative size of the returns to schooling changes somewhat when estimated by IV methods, where we find both smaller and larger returns to schooling compared to the OLS case. In what seems to be the least problematic IV estimation, the estimate is only 3.7%. We also find returns to education of similar magnitude as in the OLS case when we correct for non-random samples using Heckman's approach. Hence, a general conclusion from this section is that education seems to carry positive returns in self-employment.
11 Note that the dummy for the spouse assisting in the firm is not included in the selection model explaining self-employment, as it does not seem reasonable to explain the choice of self-employment by the subsequent decision of the spouse to assist. Including it anyway does not change the results.
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A Quadratic Specification
The main point of Iversen et al. (2010) is that the returns to schooling in selfemployment seem to be both non-linear in years of schooling and heterogeneous across different types of education. In this section, we investigate the first point in more detail by including a quadratic term in years of schooling in the Mincer regression. Our estimates are presented in Table 3 .
The first column contains OLS results similar to those of Iversen et al. (2010) and they are included here for completeness. It is seen that the coefficients to both the linear and the quadratic term in years of schooling become highly significant, while all other estimates remain largely unaffected compared to the standard specification, except for the constant term (cf. Table 2 ). To illustrate the nonlinearity, Figure 1 includes the return profile based on the OLS estimates in the first column of Table 3 . The estimated returns to schooling implies a strongly increasing marginal returns to education, but, as it turns out, 12 (or less) years of schooling provide no extra return compared to nine years of schooling (the mandatory level).
To test the robustness of these results, we again consider both instrumental variables regressions and use Heckit correction procedures. With respect to the IV regressions, we use the same sets of instrumental variables as in the previous section. Hence, we run three IV regressions using the years of schooling of the parents, the years of schooling of the spouse, and the union of these sets as instruments. Of course, we now have two potentially endogenous regressors, namely the linear and the quadratic term in years of schooling of the self-employed. We instrument these variables using both the linear and the squared values of the instruments (see Angrist and Pischke, 2008) . This results in four, two, and six instruments, respectively.
The IV results are presented in columns 2-4 of Table 3 . It is evident that the point estimates are very different from the results obtained using OLS and that the point estimates depend on the instrumental variables used. For instance, when we use years of schooling of the parents as instruments (column 2), the estimates suggest a concave relationship between years of schooling and earnings instead of the convex relationship found when using OLS. In the two other specifications, the importance of the quadratic term is found to be very small, suggesting an almost linear return profile. However, none of the IV estimates are significantly different from zero at the 5% level. Hence, it is difficult to draw strong conclusions about the shape of the relationship from the IV estimates.
As in the previous section, we are unlikely to suffer from a weak-instruments problem. However, the tests for overidentifying restrictions in columns 2 and 4 (the test is not applicable in column 3) suggest that (some of) our instruments are invalid because they correlate with the error term in the Mincer equation. This should also warn us against drawing too strong conclusions based on the IV estimates in Table 3 . Note: Dependent variable is log of annual surplus. t or z statistics are in italics. *,**,*** indicate significance at 5%, 1% and 0.1% level, respectively. The OLS sample consists of all non-farm self-employed with positive earnings (column 1). The sample for IV, parents edu. is the OLS sample excluding individuals without parental education information (column 2). The IV, spouse edu. sample is the OLS sample excluding individuals without a spouse (column 3). The IV, all instru. sample is the intersection of the IV, parents edu. and IV, spouse edu.
(column 4). The uncensored observations in Heckit, labor force are all non-farm self-employed with parental occupation information available. The censored observations are all others in the labor force (column 5). The uncensored observations in Heckit, all self-emp. are the same as in Heckit, labor force. The censored observations are non-farm self-employed with zero or negative earnings (column 6). The top (bottom) sample size for Heckit refers to number of uncensored (total) observations. The F-statistic refers to test of H 0 : coefficients on instruments are zero in the first stage regression. As an extra test, we also estimated an IV regression where only the linear versions of the instruments were used to explain both the linear and the quadratic term in years of schooling in the first stage (column 5). In this case, we have two potentially endogenous variables and three instruments and therefore one overidentifying restriction. In this regression, the test of overidentifying restrictions cannot reject the null that the instruments are valid. Moreover, the coefficients to both the linear and the quadratic term in years of schooling are significant at the 5% level, and the point estimates support the convex relationship found in the OLS regression, although the magnitude of the point estimates differs somewhat. The estimated coefficient to the linear term is thus -1.78, while the estimated coefficient to the quadratic term is 0.07. These estimates imply a return profile where selfemployed with 10-17 years of schooling actually have lower earnings than those with nine years of schooling and where only 18 years of schooling yield a positive return compared to the mandatory level: self-employed with 18 years of schooling earn 41% more than than those with nine years of schooling. However, the standard errors associated with these IV estimates are also considerably larger than in the OLS case.
We also ran Heckman correction models to account for the potential sample selection problems discussed previously. The results from these regressions are shown in the last two columns of Table 3 . As for the linear models presented in Table 2 , the significance of the estimated coefficients to the inverse Mills ratio indicates that the samples are indeed not randomly drawn. For the Heckit correction model where the population considered is the total labor force (column 6), we get essentially the same conclusion as when using OLS: earnings are a convex function of years of schooling and the estimated coefficients are of a similar magnitude. The same conclusion is reached when the population considered consists only of all the self-employed (column 7).
To sum up, the convex relationship between years of schooling and log earnings generated using OLS is robust to corrections for non-random samples using the Heckit procedure. When using IV, the results are more mixed, but typically insignificant, and there are several indications that instruments are invalid. The only regression that passes the overidentification test and results in significant estimates that support the convex relationship from the OLS estimation is when the linear versions of the instruments were used to explain both the linear and the quadratic term in years of schooling in the first stage. Hence, it seems fair to conclude that the evidence of significant non-linearities in the returns to schooling is robust to these extensions.
A Dummy Specification -Educational Length
As in Iversen et al. (2010) , we also consider a specification which is fully flexible in years of schooling by including dummies for the different levels of schooling in the regression. The first column in Table 4 contains the OLS estimates of this regression and the results are similar to those of Iversen et al. (2010) .
The reference category is nine years of schooling. Hence, the coefficient to Dummy, 10 years of schooling is the log point change in earnings from choosing 10 instead of nine years of schooling, which is approximately equal to the percentage change when the estimated coefficient is small. In what follows, we will convert an estimated coefficient into the exact percentage change in earnings using the formula exp (β i ) 1.
According to the OLS results, three extra years of schooling result in 8.04% higher income (β 12 = 0:0773), whereas further increases to 14 or 16 years of schooling have only minor effects. The return to seven years of extra schooling is thus only 9.32%, corresponding to an average return per year of schooling of approximately 1.2%. Going from nine to 18 years of schooling, however, implies an increase in income of 117% (β 18 = 0:7763), which is an average return of 9% per year of schooling. The coefficient estimates to the other control variables are similar to those in Table 2 .
The OLS estimates are illustrated in Figure 1 by the dots. It is seen that only 18 years of schooling is associated with an increase in earnings compared to nine years of schooling, which is economically significant, and this effect is apparently driving the results of both the linear and the quadratic specifications.
We now consider the robustness of these findings. With respect to the IV approach, predicting five dummies for years of schooling using dummies for the educational attainment of the parents and the spouse turned out to be infeasible. Standard errors exploded in the final regressions resulting in insignificant or implausible estimates of the coefficients to all the relevant variables. 12 Hence, we focus on the results from using the Heckit correction procedure in what follows. Column 2 of Table 4 contains estimation results when the underlying population is the total labor force. The estimates support a highly non-linear relationship between years of schooling and log earnings. However, when the Heckit procedure is used, the return to 16 years of schooling is larger than in the OLS case. In the Heckit case, 16 years of schooling is associated with approximately 20% higher earnings compared to a self-employed with just nine years of schooling. In the OLS case, the difference was only about 10%. The coefficient estimates for the remaining variables all have the same sign and are in general of the same magnitude As in the previous sections we also considered a Heckit model where the population of interest is all the self-employed and where the selection is into positive earnings. We still see a significant non-linear returns to schooling with the longest education programs yielding quite substantial returns.
This point is clearly illustrated in Figure 2 , which shows the point estimates of the three regressions in Table 4 converted into percentage changes in income relative to an individual with nine years of schooling. Hence, it is fair to conclude also in this case that the robustness analysis supports the OLS findings.
A Dummy Specification -Educational Type
Finally, we consider the full specification from Iversen et al. (2010) , where (some of) the dummies for years of schooling are split into different types of education, resulting in 22 educational categories (plus the omitted category: nine years of schooling). The OLS point estimates for this specification are contained in the first Table 5 and illustrated in Figure 3 below. 13 The figure shows very different effects -even conditional on the length of the education. The largest effects are obtained for 18 years of schooling within medical science (doctors and dentists), while 18 years of schooling within social science (including many lawyers and psychologists) also yield a substantial increase in earnings. Other types of long further education seem to carry very small or even negative returns. In other words, the returns to different types of long further education are very heterogeneous for selfemployed individuals. This is also true for 16 years of education, where substantial returns are found only within medical science.
To check the robustness of these findings, we estimated this specification using the Heckit procedure to correct for non-random samples. The results from this are contained in the final two columns of Table 5 . This did not change the general picture. We find that coefficient estimates change substantially only for educational types with relatively few observations. This is, for example, the case for 18 years of education within military, natural science and humanities. In general, the main result of heterogeneity of the returns to education is supported. In sum, this section has shown that the non-linearities and heterogeneity found in Iversen et al. (2010) using simple OLS is largely robust to extensions using IV methods to correct for the potential endogeneity of the schooling variables and Heckit procedures to correct for the non-random samples. In the following section, we consider other robustness checks.
Robustness Checks
The purpose of this section is to analyze the robustness of the main result of nonlinearities and heterogeneity in the returns to education in self-employment that was established in the previous section. To perform the robustness analysis, we first study non-linearities separately using the specification from Section 4.3, after which we study the robustness of heterogeneity conditional on the length of education, using the specification from Section 4.4. In particular, we want to investigate if the main result is sensitive to (i) the choice of sample year; (ii) the definition of self-employment applied; (iii) the measure of income used.
Non-Linearities
In this section, we study the robustness of non-linearities in the returns to education; a result that was illustrated in Figure 1 and presented in Table 4 , column 1. First, we study the importance of the choice of sample year by comparing the preferred OLS regression -based on the year 2002 -to similar regressions for each of the years 1995, 1998, and 2001. The results are illustrated in Figure 4 .
There are only minor differences between point estimates across sample years for the five dummy variables representing different years of schooling. In other words, the choice of sample year does not influence the result of non-linearities. For the precise estimates we refer to Table A.1 in the appendix.
Second, we turn to the definition of self-employment applied. As discussed in Section 2.2, a potential problem is that the estimates are distorted as a consequence of our definition of self-employment. Statistics Denmark characterizes an individual as being self-employed if the main occupation in the last week of November is self-employment. The question is whether we face an omitted variable bias since we do not include a covariate measuring how much of the year individuals have been self-employed. To deal with this issue, we use two alternative definitions of self-employment: (a) self-employed with earnings in wage employment of less than DKK 25,000 in the sample year and (b) self-employed with employees. The samples for both of these definitions are expected to consist of full-time selfemployed to a larger extent than under the preferred specification. The regression , 1995, 1998, 2001, 2002 results are illustrated in Figure 5 together with the results based on the preferred definition.
There are hardly any differences in point estimates across the different definitions of self-employment. This implies that the estimated returns to different years of schooling are insensitive to the definition of self-employment used. In other words, the definition of self-employment does not influence the result of nonlinearities. For the exact point estimates we refer to columns 2-3 of Table A .2 in the appendix.
It is interesting to observe that the estimates in columns 2-3 for alternative definitions of self-employment are very similar to those of the preferred specification. This is reassuring given that we expect the alternative definitions to capture the full-time self-employed most precisely. It is particularly interesting in the case of self-employed with employees since the sample size is reduced to 40% of the original sample size in this case. Using this definition, we are likely to introduce an additional selection problem since these individuals are the most successful selfemployed. Still, the resulting estimates are not very different from those in our preferred specification. Research Journal, Vol. 1 [2011 ], Iss. 3, Art. 5 DOI: 10.2202 /2157 -5665.1001 Figure 5: Returns to years of schooling, dummy spec., robustness checks, 2002 income. As noted by Hamilton (2000) , it is very difficult to accurately measure the income of self-employed. Given this difficulty, we want to investigate if the main result is sensitive to the use of an alternative income measure. In particular, we apply gross annual income. The results based on this income measure are illustrated in Figure 5 , whereas the point estimates are presented in column 4 of Table A.2.
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It is seen that the point estimates are somewhat different from those of the preferred specification. For example, 16 years of schooling has a return of 23% under the alternative income measure compared to 9% for the preferred specification. Even though the exact return differ between the two income measures, the point estimates generate the same picture of non-linearity as for the preferred specification.
Fourth, we investigate the robustness of non-linearity when the sample is restricted to include males only, to include individuals younger than 50 only, and by including a large set of industry dummies. The results are illustrated in Figure 6 .
The differences between specifications are minor. The only estimate that is not fully robust is the return to 18 years of schooling in the specification that includes industry dummies. The finding that the returns to education drop significantly when industry dummies are included comes as no surprise, as they may be strongly correlated with education itself. This implies that the inclusion of industry Third, we study the robustness of non-linearities to the applied measure of dummies will tend to lower the estimated returns to education. This is precisely what we find for 18 years of schooling. The point estimates are presented in Table  A .2, columns 5-7.
Heterogeneity
We now want to investigate the robustness of the pronounced heterogeneity in the returns to education within different years of schooling. To do this we estimate the specification with dummy variables for educational length interacted with different types of education using the alternative definitions of self-employment, income and sample year we have discussed previously. The estimates are available in Tables A3  and A4 in the appendix. 14 The overall impression is that the returns to 18 years of education within medical science and social sciences are high. Moreover, the return to 18 years of education within technical sciences does not seem to change markedly with the 14 In the tables, we have excluded coefficient estimates on the control variables to save space. These results are available upon request. Research Journal, Vol. 1 [2011 ], Iss. 3, Art. 5 DOI: 10.2202 /2157 -5665.1001 specification. On the other hand, the returns to 18 years of education within military and natural sciences change somewhat. Again, we believe that this is due to relatively few observations within these educational types which implies less precise estimates. For less than 18 years of schooling, a substantial return is only found within medical science with 16 years of schooling.
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We therefore conclude that the result that returns to schooling in self-employment displays substantial non-linearities and heterogeneity is robust to variation in the choice of sample year, alternative definitions of self-employment, and alternative measures of income.
Conclusion
In this paper, we have studied the returns to education in self-employment based on very detailed register data from Denmark. We used four different specifications to describe the relationship between log income and education and estimated these specifications using different estimation methods. For all specifications, we used OLS as well as Heckit correction models to handle sample selection. For the two most restricted specifications -see below -we also used two-stage least-square estimation to handle endogenous regressors. The main result of the analysis is a high degree of non-linearity and heterogeneity in the returns to education in selfemployment.
The first specification used is the standard Mincer equation that specifies that an additional year of schooling is associated with a constant percentage increase in income. The conclusion from this estimation is that education carries a positive return in self-employment. Second, we included a quadratic term in years of schooling in the Mincer regression. By doing this we found a convex relationship between years of schooling and log income, implying that the return is negligible for self-employed with 12 years of schooling compared to nine years of schooling. Only for additional years of schooling can economically significant returns to education be detected. On this background, we concluded that the relationship between log income and years of schooling is highly convex.
Next, we considered a more flexible specification by including dummy variables for the different years of schooling in the regression. We found that the returns to education is highly non-linear in the educational length. Finally, we estimated the most flexible specification with dummy variables for years of schooling split into different types of education. We found that the returns to different types of education for a given educational length are heterogeneous. Our estimations indicate that the large returns are concentrated among certain educational types and that many education programs carry hardly any return.
An immediate methodological implication of these findings is that the loglinear Mincer specification is inappropriate in the case of self-employed. This conclusion is further strengthened by the observation that many self-employed have negative earnings. As we have discussed, this is not an issue that is easily handled in the Mincer framework, where the dependent variable is the logarithm of earnings. However, while the non-linearities can be captured in a dummy specification, the problem with negative earnings requires an alternative approach, and the Heckman correction does not seem to be the most promising way of dealing with this. Hence, this is an obvious question to address in future research.
So why do people choose to educate themselves if the returns to education are so modest? It should be remembered that the estimations in this paper capture only one of the potential returns to education, namely the pecuniary returns that people obtain if they choose to become self-employed upon completing their education. As the vast majority of individuals end up in wage employment or move back and forth between wage employment and self-employment over their career, the total expected economic returns when initiating an education is still likely to be significant; and to this could be added the non-economic returns to education such as self-esteem, a higher social status, and being more knowledgeable.
Thus, our findings do not bear any immediate consequences for education policy -education is still likely to be a profitable investment in human capital. However, it may have important implications for entrepreneurship policy. The public debate about the importance of entrepreneurship has increased over the last couple of years and much of the literature identifies entrepreneurs with self-employed. It is generally argued that entrepreneurship fosters growth both in production and employment and is therefore desirable from the point of view of society. This obviously raises the question of which factors determine whether an entrepreneur becomes successful. Education is one potential candidate. The findings in this paper show that some education programs can raise income by as much as 230% (medical science 18+) compared to mandatory education. The estimations also show that for most educational programs, however, the returns are miniscule and not comparable to those found in wage work. So what then makes a successful (rich) entrepreneur?
An obvious road for future research is to look for other elements of "entrepreneurial ability". Lazear (2004) has proposed a theory of entrepreneurs as "jacks of all trades", and Lucas (1978) and Malchow-Møller, Markusen, and Skaksen (2010) have argued in favor of the potential importance of skills acquired in previous wage work. Our results indicate that previous wage work experience but also previous self-employment experience are significant determinants of returns to schooling in self-employment. 1995, 1998, 2001, 2002 (1) Note: All models estimated with OLS .t statistics are in italics .Dependent variable is log of annual surplus except column 4 .t or z statistics are in italics. *,**,*** indicate significance at 5%, 1% and 0.1% level, respectively. Additional controls are the same as in Tables 1-4. 34 Research Journal, Vol. 1 [2011 ], Iss. 3, Art. 5 DOI: 10.2202 /2157 -5665.1001 
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